Weekly sales of creative goods -like music records, movies or books -usually peak shortly after release and then decline quickly. In many cases, however, they follow a hump-shaped pattern where sales increase for some time. A popular explanation for this phenomenon is word of mouth among a population of heterogeneous buyers, but previous studies typically assume buyer homogeneity or neglect word of mouth altogether. In this paper, I study a model of new-product diffusion with heterogeneous buyers that allows for a quantification of the sales effect of word of mouth. The model includes Christmas sales as a special case. All parameters have an intuitive interpretation. Simulation results suggest that the parameters are estimable for data that are not too volatile and that cover a sufficiently large part of a title's life cycle. I estimate the model for four exemplary novels using scanner data on weekly sales.
Word of mouth and hump-shaped sales
Weekly sales of creative goods -like music records, movies or books -usually peak shortly after release and then decline quickly. In many cases, however, they follow a hump-shaped pattern where sales increase for some time. For example, figure 1 plots weekly sales for two novels released on the German book market in 2003. 1 The horizontal axis in each panel of figure 1 denotes calendar weeks, starting from the release week of the respective title. Sales of title 1 increase for about seven weeks after release. Sales of title 2, instead, seem to decrease quite steadily from its second week onwards -apart from a somewhat outlying sixth-week sales peak.
An additional characteristic of creative industries is that Christmas purchases often represent an important share of a sales. Figure 1 therefore distinguishes non-December weeks from December weeks. The Christmas effect is relatively strong for title 2 and modest for title 1.
Similar patterns of hump-shaped sales and seasonal spikes can be observed for music records and theatrical movie releases (Moe and Fader, 2001; Moul, 2006) . A popular explanation for hump-shaped sales is product-specific word of mouth among heterogeneous buyers: an impressive novel can lead some readers to be enthusiastic promoters vis-à-vis potential buyers, such that sales increase for some time after the title's release. The (non-)occurrence of word of mouth can thus determine success or failure of a particular title: "Although nobody knows its fate when a new creative good appears, social contacts transmit consumers' appraisals at a very low perceived cost to them, giving 'word of mouth' its importance for a creative good's ultimate success. [...] The distribution of consumers between 'buffs' and 'casuals' strongly influences the organization of an art realm." (Caves, 2000, p. 173) In this paper, I propose and estimate a model of new-product diffusion that features two distinct types of buyers: independent buyers and buyers influenced by word of mouth. In this respect, the model thus closely follows Caves' description of creative industries. As a result of this form of buyer heterogeneity, the model has the realistic property that the lack of word of mouth leads to unambiguously lower sales. In contrast, most previous studies of the sales performance of creative goods either assume buyer homogeneity or focus on other 1 Weekly sales of original hardcover editions, based on scanner data from a large sample of German retailers.
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Title 2 aspects than word of mouth. Various studies look at the effect of academy nominations and awards, movie ratings, critic reviews or star participation on movie box office sales (see Moul, 2005; Elberse et al., in press, for reviews). Regarding the effects of word of mouth in particular, De Vany and Walls (1996) present a model of information cascades with the property that box office failures and successes are equally likely and largely determined by opening week performance. The empirical section of their paper, however, focusses on characterizing overall movie demand rather than estimating title-specific word of mouth parameters. Moul (2006) , in contrast, studies title-specific word of mouth effects in weekly box office figures. Whereas his data and research questions are comparable to the book market application studied here, his empirical strategy is based on a standard discrete choice model, which implies a reduced-form interpretation. In some respects, the approach proposed in this paper can be regarded as more structural.
The empirical literature on the music or book industry is not as extensive. Moe and Fader (2001) the same data to compare estimation results for a class of diffusion models, some of which featuring population heterogeneity. I discuss these models in some more detail in section 2.1. A number of recent studies look at online book sales (Chevalier and Goolsbee, 2003, for example), but with focus on internet-related questions rather than book market particularities.
More relevant to this paper is the study by Chevalier and Mayzlin (in press) on a particular case of word of mouth about books: consumer reviews on Amazon.com. As expected, they find that positive consumer reviews tend to increase sales. Sorensen and Rasmussen (2004) use scanner data on weekly book sales -similar to the data employed in this paper -to study the sales effects of New York Times book reviews. They find that both positive and negative reviews tend to increase sales. Hence, both studies corroborate the view that word of mouth is important for book sales and that it comes in various forms.
This paper is complementary to these studies in the sense that it provides estimates for the overall effect of word of mouth on a title's sales rather than two special cases. In addition, these studies follow a reduced-form estimation approach, whereas my estimates base on an explicit model of new-product diffusion and thus have a structural interpretation. I also include Christmas sales as a special case of word of mouth. Like most models of new-product diffusion, it is highly nonlinear in its parameters. In section 3 of the paper, I therefore assess its estimation properties by a set of Monte Carlo simulations. Results suggest that the parameters are estimable if the data cover a sufficiently large part of a title's life cycle and are not too volatile. In particular, book sales data often exhibit solitaire outliers such as those for title 1 in weeks 42 and 43 of 2003, which may be the effect of, for example, a television broadcast that featured the title or its author. The events that underlie such outliers may not always be identifiable, however, which can lead to high unexplained volatility in the data. I therefore discuss some of the consequences of data volatility and an approach to account for residual autocorrelation. Finally, in section 4 I present and discuss estimates for four exem-plary novels, including those presented in figure 1. Estimates appear informative, intuitively reasonable and in line with 'stereotype' attributes commonly ascribed to creative goods.
I conclude that the structural empirical approach proposed in this paper provides a useful tool for applied research in various creative industry domains. For example, publishers can compare title-specific estimates to evaluate marketing strategies. Applied to a single title, it provides an estimate of consumer segmentation: information which can be valuable, for example, for marketing decisions concerning a title's paperback release. Since the the extent of word of mouth is typically hard to predict before a title's release, a more policy-oriented analysis across titles and market segments may help characterize ex ante demand uncertainty (in the spirit of De Vany and Walls, 1996, 2004) .
New-product diffusion with heterogeneous buyers
The idea that new-product diffusion is driven by word of mouth among heterogeneous buyers is not new. For example, a popular theory holds that the product life-cycle is determined by different adoption times of different consumer groups influencing each other, e.g. by innovators who adopt because of 'intrinsic' motivations and by imitators who adopt because the innovators do so (Rogers, 1995) . Yet, most quantitative studies of new-product diffusion follow Bass (1969) and assume a homogeneous population of buyers, whose purchases are driven by 'intrinsic' and 'social' motivations at the same time. 2 In principle, one could apply the Bass (1969) model to book sales data in order to generate a reduced-form estimate for the word of mouth effect; that approach, however, would miss an important feature of word of mouth in creative industries. Within a homogeneous population, word of mouth can only affect the speed of diffusion, that is, the time until every potential buyer has purchased the product. Word of mouth in Bass-type models cannot generate product failures or successes, because it has no effect on the total number of buyers. Moreover, scholars have argued that ignoring buyer heterogeneity can lead to biased estimates in applied research (Van den Bulte and Lilien, 1997; Bemmaor and Lee, 2002) .
In what follows, I propose a parsimonious model of new-product diffusion with two buyer segments and argue that it represents a good tradeoff between face validity on the one hand and empirical tractability on the other hand -especially for the analysis of aggregate sales data of new creative goods. 3 The model coincides formally with a special case of a class of newproduct diffusion models independently developed by Van den Bulte and Joshi (in press 
Since F 1 (0)=0, the cumulative number of sales to influentials at time t, n 1 (t), can be solved for
3 Applications with more detailed micro-or consumer-level data are outside the scope of this paper; for such data, discrete choice models are more appropriate. Yet, decision makers other than retailers typically have access only to some kind of aggregated sales data (if any). 4 The literature of new-product diffusion often focuses on technical innovations such as color television or the washing machine and therefore labels this consumer segment 'innovators'. Here, I follow Keller and Berry (2003) and Van den Bulte and Joshi (in press) in using a more generally applicable term. Ifq>0, the contacted imitators go ahead and buy the recommended title, unless they have not already done so due to an earlier recommendation. 5 Imitators do not recommend the product to other people (but they may offer it as a Christmas present, see below). Since the probability that an imitator exposed to word of mouth at time t has not been contacted and therefore has not bought earlier is 1-F 2 (t), we can solve for the rate of imitator purchases:
where
Using equation 1 and the fact that F 2 (0)=0, this differential equation solves for
Hence, n 2 (t) = (1 − θ)MF 2 (t), and we get for N(t), the number of cumulative sales at time t:
Interpretation. It is possible that a particular title does not stimulate word of mouth (q=0), or that the group of imitators has zero mass (θ=1). In either case, the model reduces to a negative exponential growth model and total sales N(t) are equal to n 1 (t) as defined by equation 1. 6 Other boundary values for θ and p are theoretically impossible or highly improbable for real data. A title with p=0 or θ=0 would never exhibit positive sales, and a title with p=1 would sell to influentials only in week 1.
Obviously, the proposed 2-segment structure is a modest form of buyer heterogeneity: after all, everybody's different. Yet, the diffusion parameters also have an interpretation as subpopulation averages that allows for some unsystematic within-segment heterogeneity. For example, an implicit assumption is that influential buyers immediately evaluate a title and decide whether to recommend it. That assumption is not overly restrictive, because readers often evaluate a book already from its first couple of pages. Nonetheless, anectdotal evidence suggests that some individuals are inclined to irrationally pile purchased books on their bedside table for years before reading and eventually recommending them. In this case, q can be regarded as an average recommendation rate: some influentials recommend more, some less, and the weekly average is q. case lies at the heart of marketing problems in creative industries: you never know how much a title would have sold had it had some word of mouth! Therefore, if estimated parameters includeθ≈1 and/orq≈0, the other estimates are not reliable and a more restricted model may be applied to the respective data. Estimates for p or θ that are unreasonably close to zero might suggest misspecification (systematic unobserved effects), or simply that sample size is too small or error variance too large. In section 3, I assess the importance of the latter two effects with a Monte Carlo simulation.
Identification. Equation 4 illustrates that

Possible extensions
The proposed model represents one out of several possibilities to formalize new-product diffusion within a heterogeneous (2-segment) population. At least for an application to creative goods markets, it seems reasonable to assume that (i) only influential buyers engage in word of mouth, which (ii) is directed only towards imitator buyers. Note that these assumptions only refer to sales-effective communication; they do not exclude general communication about a certain title that has no direct sales effect. Most readers like to talk about a book they have read, and they use forums like Oprah's Book Club to coordinate reading and follow-up communication. Although this holds for influential buyers ('buffs') as well -and may affect the timing of their purchase (parameter p) -it does not affect the purchase decision. Imitators ('casuals'), instead, buy after and as a consequence of communication. In their case, word of mouth is sales-effective, and it is this particular word of mouth I focus on.
Negative word of mouth. One restriction in the above model is that it only considers positive word of mouth from influentials to imitators, although anecdotal evidence from the movie industry suggests that negative (sales-destructive) word of mouth can exist as well. In the 2-segment framework, negative word of mouth implies not only that q=0, but in addition that certain communication among influentials dissuades some of them from their initially planned purchase. As equation 1 illustrates, this would reintroduce another kind of identification problem: with negative word of mouth among influentials, their number (θ M) would be subject to change over time. Based on aggregate sales data alone, however, it is impossible to distinguish this effect from the decay parameter p. As an example, consider title 2 in figure   1 , whose sales decline quickly after release. Based only on the figure, it is impossible to say whether the quick decline is due to negative word of mouth (decreasing θM over time) or a large decay parameter p. In order to identify an effect of negative word of mouth, one would either need more detailed data on post-purchase communication, such as Amazon.com consumer reviews, or be willing to impose restrictions on p in equation 1. Moul (2006) basically follows the latter approach, yet on the basis of a static discrete choice model. 7
Word of mouth among imitators. In the above model, imitators care exclusively for recommendations from influentials. In general, however, word of mouth among imitators may also play a role. Van den Bulte and Joshi (in press ) analyze a more general class of models which allows for positive word of mouth within both segments. These more general cases have the property that period sales can exhibit a 'dip' or are convex for early sales periods, when decreasing sales to influentials are not yet over-compensated by increasing sales due to word of mouth. The data studied in this paper do not seem to exhibit such patterns. For similar data from the U.S. market, Sorensen (in press) finds that sales for most titles peak in the early sales weeks (before the fifth week), which is inconsistent with the 'dip' property of the more general models analyzed by Van den Bulte and Joshi. Whereas Sorensen (in press) concludes that his econometric assumption of a monotone sales pattern over time is not critical for his purposes, the approach followed here is to explicitly consider word of mouth as the factor underlying a potential non-monotone pattern in early weeks.
Although attractive from a theoretical viewpoint, the more general models by Van and Joshi (in press), is a promising subject of further research.
Incorporation of Christmas sales and estimation
So far I have neglected Christmas sales, which can represent an important share of overall sales. I propose the following Christmas effect. Within a certain time period -here I let that be the month of December -every previous purchaser of the title buys c extra copies in order to give them away as presents. 8 Christmas presents can be interpreted as a special case of word of mouth: instead of expressing a recommendation to read in a conversation, the recommender goes one step forward and assumes her counterpart's purchase decision (Gabriel, 1997) . Whereas such recommendation-by-donation directly leads to increased sales of a title, it does not necessarily lead to increased reading. The donor may be mistaken in the donee's overall interest to read the presented title or in her interest to read it at that moment. 9 I therefore assume that copies purchased as Christmas presents do not lead to instantaneous additional word of mouth and corresponding sales. This is also consistent with the model's assumption discussed earlier, namely that there are no second-order word of mouth effects December sales of title 2, instead, vary strongly across the four weeks. Therefore, I do not impose a particular pattern but rather assume that Christmas sales are randomly distributed across the four December weeks. Sources for such randomness could be title-specific differences in store availability or aptness to be last-minute presents.
The standard approach to estimating the parameters of a new-product diffusion model is based on period sales, that is, first differences of the cumulative sales function (Srinivasan and Mason, 1986; Putsis and Srinivasan, 2000) :
where S(t) denote sales of a given title during the period (t-1,t) Parameter c is implicit in the estimated λ-coefficients. Its exact estimate depends on whether one wants to impose a certain minimum delay between first purchase and Christmas gift decision. In other words, one may want to assume that only buyers who bought a title for own reading before week t C qualify as potential Christmas donors. The additional Christmas sales are then c times N(t C ; φ), and an estimate for c iŝ
In my application below, t C is the last week of November; I thus assume that December forread purchases are too short-termed in order to lead to additional for-present purchases.
Estimation in the presence of autocorrelation
It is possible that a shock in one week's sales figure has repercussions in following weeks.
An example would be a news event or a television broadcast featuring the title or its author, which leads to increased sales not only in the week of the event but also in the following week, because some viewers are slower in executing their shopping list. Errors would then follow an AR(1) process; the twin outliers in weeks 7/8 and 42/43 for title 1 seem to indicate a case in point. Such residual autocorrelation is conceptionally different from -and may arise on top of -the serial correlation of model sales inherent to the model diffusion process as captured by t in the estimation equation.
Franses (2002) proposes an auxiliary Gauss-Newton regression as a test for autocorrelation, where the estimated residuals obtained under the assumption of AR (0) If the null hypothesis of AR(0) errors is rejected, one may include an AR(1) error term in estimation equation 5, which leads to the following empirical model:
where G(t; φ) = N(t) − N(t − 1) as defined by equation 4, φ denotes the set of model parameters (M, θ, p and q), ρ is the coefficient of autocorrelation and the λ i capture Christmas present purchases as before.
The parameters in equations 5 and 7 can be estimated by nonlinear least squares (NLS). A grid search procedure, evaluating the sum of squared residuals for a number of combinations of parameter values, is used in order to find proper initial values for iterative estimation.
Through log-transformations, I impose non-negativity for all parameters, and θ, p≤1. Unfortunately, neither asymptotic nor small-sample properties of such NLS estimators are known (Boswijk and Franses, 2005) ; but their bias and consistency may be studied by means of a Monte Carlo simulation. See Van den Bulte and Lilien (1997) and Bemmaor and Lee (2002) for simulation studies of the Bass (1969) Boswijk and Franses (2005) propose an alternative estimation method for the Bass model based on weighted least squares and argue that it has better properties than the NLS approach, which has been implemented widely in similar applications. However, their approach is not applicable to the proposed diffusion model in a straightforward manner. 12 If v t is normally distributed with mean - and not significantly different from zero (95% confidence), (ii)θ is smaller than .025 or larger than .975 and not significantly different from zero or one, respectively, (iii)M is more than tenfold observed cumulative sales. 13 Correspondingly, table 1 lists the number of degenerate results for each of the 36 simulation sets. As expected, the occurrence of degenerate estimates mainly seems to be driven by data variance (σ): with low variance (σ =.06), estimation seems to be unproblematic, except for two parameter sets with the small sample. With increasing data variance, all parameter sets are prone to yield degenerate results, but the effect is weaker for large samples.
A positive side to the occurrence of degenerate p-or θ-estimates is that they are easily identified in practice: they are coupled with slow convergence and unreasonably large estimates for q (in the thousands) and/or M (in the millions). Given such results, the analyst may attempt to reduce data volatility before re-estimation, for example by identifying the causes for specific solitaire outliers.
Non-degenerate simulation results, on the other hand, seem fairly accurate. Table 2 gives means and medians of the simulated parameter estimates based on a relatively small sample (T=24) and low error variance (σ=.06). Especially for sets A, B and D, estimates seem to be close to their true values, both in terms of the average and the mean. Estimation seems to be more difficult for set C, but this is not surprising: there, the first 24 observations cover a much smaller share of overall sales than for the other sets. One conclusion from this finding is that estimation of the model requires data on the major share of a title's first-release life cycle. Table 3 Table 3 suggests that, with decreasing values of q, parameter sets are increasingly inclined to the estimation difficulties that arise from increases in data variance. For every parameter set, increased error variance seems to induce a non-negligible bias on one or the other parameter estimate (mostly q). Yet, this finding is in line with previous simulation studies, and hence not specific to the model studied here. Van den Bulte and Lilien (1997) , as well as Bemmaor and Lee (2002) , obtain similar results for the less complex 3-parameter Bass diffusion model.
Figures 4 and 5 in the appendix shed more light on estimation bias with increasing error variance. For every parameter in the four sets, they show a kernel density of the distribution of estimates with a sample size of 56, separately for the two larger error variances. The distribution of simulated estimates not only becomes more dispersed as error variance increases, but also seems to exhibit slight negative shifts. Most notably, the distribution of θ-estimates appears to be bimodal for parameter set C, which has an intermediate value for θ but the low- est simulated value for q (equal to .1). As the respective distributions for q=.5 (set D) and the other sets appear unproblematic, I conclude that estimates tend to become unstable for very low values of q.
In summary, the simulation exercise shows that the model is estimable if the data include a sufficiently large number of not too volatile observations. When using volatile data, analysts should be prepared to obtain degenerate estimates and should otherwise allow for slight bias when interpreting non-degenerate estimates; in particular, when the observed sales curve is relatively flat, indicating that word of mouth travels slow (low q). Nevertheless, there is certainly room for methodological improvement. For example, the simulated error is a multiplicative one, which introduces heteroskedasticity depending on the absolute level of sales, whereas estimation assumes additive errors of constant variance. Yet, level-dependent heteroskedasticity is probably a realistic assumption, which may be exploited to improve estimates in the fashion recently demonstrated for the Bass model by Boswijk and Franses (2005) .
Progress along these lines, however, is outside the scope of this paper.
Application
The four example titles presented in the introduction come from a sample of novels that were released in Germany in 2003 as hardcover editions. 14 I obtained the data from media control GfK International, a marketing research firm that collects scanner data from over 750 points of sale (bookshops, department stores) as well as all main internet retailers in Germany. Not sampled are direct sales from publishers to consumers, book club sales and mail order sales.
Supermarket sales are also not sampled, but they represent a small portion of book sales.
Altogether, the sampled retail channels account for about 66% of total book sales in Germany.
Yet, for the particular segment studied here (novels in hardcover), sales coverage of sampled channels is likely to be much higher. First, publisher direct sales are not very important for popular publications such as novels; direct sales usually concern professional publications.
Second, book clubs can be regarded as a secondary market that only becomes important for a title after its diffusion in the primary market (which is studied here).
Furthermore, no particular estimation bias arises from this type of sampling. By law, book prices are the same across all retail channels. 15 In theory, independent buyers may be more inclined to order directly from publishers because they do not need retailer advice; in practice, however, title availability is high and ordering processes are quicker (typically overnight) at stationary bookshops and online retailers. Direct orders from publishers are thus unattractive for non-professional buyers. Based on a specific population weight for every point of sale, the scanner data were aggregated to represent nationwide sales. The sample period ends in summer 2004, providing up to 81 weekly observations per title. As demanded by the data proprietor, I received anonymized data where all title-, author-and publisher-specific information except for sales (by week) and price (constant) had been removed. 16 In contrast to theatrical movies, new books do not have a particular weekday for release. A title may be shipped on a Friday, leaving only one or two sales days in its first calendar week.
The analyst may then wrongfully interpret increasing sales in the title's second calendar week 14 Many titles in this random sample have low overall sales and zero sales in a lot of the observed weeks; but a significant number of titles exhibits hump-shaped sales. For the purposes of this paper, I therefore selected four example titles on the basis of the available number of sales observations and data volatility. 15 In many European countries including Germany, book prices are by law subject to resale price maintenance; that is, retailers must not offer discounts from the publisher's list price. See Beck (2006) for more details. 16 According to the raw data, single copies of title 1 and 3 were sold two and three weeks before sales of this title took off, respectively (with 33 and 129 copies sold in that week, respectively). I treated these early sales as erroneously booked advance orders and hence assumed that 34/130 copies were sold in the respective title's release week. Except for title 2, all parameters appear reasonable and precisely estimated. With a θ-estimate very close to one, a very large q-estimate and missing standard errors, the estimates for ti-tle 2 appear to be of the degenerate kind encountered in the simulation. Not surprisingly, the present model seems to be too complex for this title, whose weekly sales decrease quite steadily from week 2 onwards. In response, the estimation procedure converges to a set of parameters which implies this steady decrease.
Figure 3 plots sales and corresponding predicted values for all four titles. Due to the incorporation of autocorrelated errors, the predicted sales pattern for title 1 is not as smooth as for the other two titles. The respective ρ-estimate (in table 4) is quite significant and suggests that error autocorrelation is modestly positive. The fit measures R 2 and root mean squared error (MSE), however, indicate that the data are in general more variant for title 1 as compared to the other titles, thus not only as a result of autocorrelation. 17 Regarding the estimates' economic significance, titles 3 and 4 both have an estimated period purchase probability (p) for influential buyers of around 5.5%. This implies that it takes around 13 weeks until half of the influential buyers have purchased the title. It takes 31 weeks with a hazard rate of 2.2%, as estimated for title 1. Accordingly, by its 76th sales week, title 1 has reached a lower share of predicted total sales (sum ofM andλ i ) than titles 3 and 4 in 43 and 80 sales weeks, respectively.
The estimated word of mouth parameters seem to suggest some stereotype attributes for the observed titles. Title 1, for example, resembles the shockseller pattern of simulation set A: influentials make up for a comfortable majority of buyers (θ≈.7); combined with a large word of mouth coefficient q, sales quickly and strongly peak, but then resume to a relatively slow decay pattern from week 20. Title 3, in contrast, with a relatively low q-estimate tends to have sleeper qualities, leading to sales that decrease much more slowly over time. Sales of title 4 sales exhibit an early but moderate peak. Correspondingly, its θ-estimate suggests that a relatively small share of its buyers were driven by word of mouth (13%, excluding repeat Christmas purchases).
Indirect estimates. In order to account for Christmas present purchases as a special case of word of mouth, I use the λ-estimates and information on pre-December predicted cumulative sales N(t C ,θ) -where t C denotes the last November sales week -to obtain an estimate for c (cf. equation 6). Also, recall the word of mouth coefficientq from section 2, which has a more intuitive interpretation than q and is obtained from estimatesq andθ (cf. equation 2). Table 5 summarizes both c-andq-estimates, as implied by estimation results. 
Conclusion
Conventional wisdom holds that word of mouth between heterogeneous buyers is a crucial success factor for new creative goods. In this paper, I study a model of new-product diffusion that captures some of the particularities of word of mouth on new creative goods and especially the book market. Important features of this model are a heterogeneous population of buyers -whose word of mouth can have an effect on total sales of a title -and the explicit treatment of Christmas present purchases. Like most diffusion models, it is highly nonlinear in its parameters, which can complicate estimation in certain circumstances. A simulation exercise shows that parameters can be estimated fairly accurately with sufficiently many, not too volatile observations. Estimation results for four example titles appear informative and intuitively reasonable and thus illustrate the model's applicability. Further development of empirical methodology is warranted, however, in order to reduce estimation bias, for example by incorporating level-dependent heteroskedasticity.
Both academic and professional researchers can fruitfully apply the approach I present in this paper. For example, an ex-post estimate of consumer segmentation for a particular hardcover edition of a title can be informative for publishers regarding the marketing strategy for future paperback or book club releases. In an analysis of sales of a single title, information on events behind outliers can be added to the model in the same fashion as the Christmas dummies in order to estimate additional sales effects of these events. Publishers can compare estimates across titles in order to test and evaluate marketing strategies.
Researchers concerned with public policy may also benefit. Demand uncertainty is often claimed to be an essential characteristic of creative industries: the nobody knows property (Caves, 2000) . Regarding the book industry, demand uncertainty serves as a building block to justify the use of vertical restraints such as resale price maintenance (in Europe) or excessive returns policies (in the U.S.). The micro-economic foundations of demand uncertainty in creative industries are, however, in general unclear. This paper highlights a clear form of demand uncertainty: uncertainty about the occurrence and intensity of positive word of mouth.
Applied to a larger number of titles, its empirical approach to word of mouth could shed light on the global nature of demand uncertainty in the book trade. 
